Abstract A database with 431 soil profiles of Rio de Janeiro State was used in a research project entitled "Quantifying the magnitude, spatial distribution and organic carbon in soils of Rio de Janeiro State, using quantitative modeling, GIS and database technologies" (Projeto Carbono_RJ, sponsored by FAPERJ -Carlos Chagas Filho Foundation for Research Support in Rio de Janeiro State). These soil data were collected for other purposes and there were only limited soil bulk density data (103), which is needed for estimating soil organic carbon (SOC) stocks. Pedotransfer functions (PTFs) were estimated to be used in the modeling of organic soil carbon of topsoil (0-10 cm), using the scorpan model. The following environmental correlates were used as predictor variables: satellite data (Landsat ETM + ), lithology and soil maps, and a DEM and its derivatives. This dataset represents the best organized soil dataset in Brazil and is working as an educational trial for Digital Soil Mapping using a variety of methods for predicting soil classes and their properties. Multilinear analysis and regression-kriging were used to perform the modeling. Seven different models were built and compared through statistical methods. The main difference between the models was the set of predictor variables used to perform them. In general, all models performed well to predict the SOC stock. Nevertheless, model 6 was considered the best one since it presented the smallest AIC and RMSE as it used existing soil information (polygon soil maps) as a predictor variable, in addition to the variables used in the other models. The results obtained with this model were used to map topsoil carbon stock at a spatial resolution of 90 m.
Introduction
Estimates of organic carbon stock in soils is important for a range of issues including climatic change, soil fertility and soil water storage capacity (see also Section 22.1). According to Batjes and Sombroek (1997) , the soils of the world are one of the five main reservoirs of carbon, together with oceans, lithosphere, atmosphere and terrestrial biomass. Soils are essential for carbon sequestration representing approximately 75% of the carbon accumulation in the terrestrial ecosystem. The dynamics of carbon sequestration depend on many variables based on thermodynamic elements, characteristics of biomes and the responses to different land uses and management systems (Batjes, 1998) . The soil works as source and reservoir (or sink) of carbon, depending on the relative rates of incorporation and decomposition of carbon by soil organisms. In order to estimate the net flow of carbon in terrestrial ecosystems, an understanding of the processes of soil formation and the spatial variability of organic carbon in the landscape is needed. Spatial variability data are important for estimating the stock of soil carbon and also for understanding the biophysical processes that can influence the flow of organic carbon in soils. The patterns and processes vary considerably in the landscape which limits extrapolation of point data as discussed in Chapter 26. Therefore, specific regionalized studies are important to assure a proper scale of study, as well as establish rules for the extrapolation of results and detailed understanding of soil carbon dynamics.
For prediction and mapping of the carbon stocks we used digital quantitative techniques named Digital Soil Mapping, defined by Lagacherie and McBratney (2007) as "the creation and population of spatial soil information systems by numerical models inferring the spatial and temporal variations of soil types and soil properties from soil observation and knowledge and from related environmental variables". The main use of the this approach is to replace the polygon-based soil maps of the past with digital maps of soil classes and properties and their associated uncertainties for areas previously mapped, or for new areas. These maps are stored and manipulated in a GIS environment, creating the possibility of vast arrays of data for analysis and interpretation.
Predictions of soil classes and properties in digital mapping are based on relationships among soils and the factors and processes of soil formation that enter in the equations as predictor variables. The logic of this reasoning is based on the equation of Jenny (1941) formulated from the recognition of the factors of soil formation, in a more quantitative formulation, S = f (cl, o, r, p, t) Where, S represents the soil, cl = climate, o = organisms, including humaninduced activities, r = relief, p = parent material and t = time. McBratney et al. (2003) generalized and formulated a new equation, with the objective of modeling the variables responsible for the processes of soil formation, through an empiric quantitative description of the relationships among other spatially geo-referenced factors (environmental covariates), used as spatial prediction functions (see Chapter 2 and Section 16.1). This is the scorpan function with seven factors: s = soil and other properties of the soil in a given location; c = climate, climatic properties; o = organisms, vegetation or fauna or human activities; r = topography, attributes of the landscape; p = parent material, lithology; a = age, time factor; n = space, spatial location. Each factor is represented by a group of one or more continuous or categorical variables; for example, r for elevation, slope or other derived attribute of a DEM. The sources of data, the methods to estimate f from the equation, as well as the steps to execute the scorpan are presented and discussed in McBratney et al. (2003) .
In this study, digital mapping techniques were used to predict the stocks of organic carbon of the topsoil (0-10 cm) in the Rio de Janeiro State. A multilinear analysis was used as the predictive model and several environmental variables as predictors. Seven different models were built and statistically compared. The choice of the best model was based on Akaike's Information Criterion (AIC) (Akaike, 1973 ), a quality index that represents a balance among the goodness of fit and the parsimony of the model. The best model is that with the smallest AIC. This model (M6) was then applied to the digital mapping of the soil carbon stock.
Materials and Methods

Study Area
The study area is the State of Rio de Janeiro located between the geographical coordinates 41 • and 45 • W and 20 • 30 ′ and 23 • 30 ′ S and is about 44,000 km 2 ( Fig. 21.1 ). The area is characterized by eight large landscape types known as Serra da Bocaina, Coastal Plains, Mountainous Area, North-Northwest Fluminense, Paraíba do Sul River (Middle Valley), Serra Mantiqueira, Serra dos Órgãos, and Upper Itabapoana River (Plateau), described in Mendonça-Santos et al. (2008) , where soil profiles have been studied in order to characterizes the soil organic carbon.
Digital and Field Data
The soil database that has been used to estimate soil classes in Rio de Janeiro State by Mendonça-Santos et al. (2008) , was used in this study, to which we added 16 soil profiles from the RJ_Soil Carbon Project (Mendonça-Santos et al., 2005) , summing 431 soil profiles for the whole state. The spatial distribution of soil profiles is shown in Fig. 21 .1. Considering that these soil data were collected for other purposes, there were only scarce soil bulk density data, which is essential to estimate soil carbon stocks. Pedotransfer functions (PTFs) for the upland and lowland soils were used as auxiliary information for soil organic carbon estimation. The following covariates were used as predictor variables: Geocover TM mosaic (bands 7, 4 and 2 in RGB), from NASA (2008); the NDVI (using band 2 instead of 3); Land (Jarvis et al., 2006) and modified by Mendonça-Santos et al. (2008) and its derivates extracted using the LandMapR software (MacMillan, 2003) .
The soil dataset was complemented with the covariates of environmental factors for each soil data point. An ancillary dataset representing the whole study area was interpolated on a 90-m grid corresponding to the SRTM DEM, and populated with environmental and soil variables. Exploratory statistical analysis was performed on soil data. The modelling and prediction of soil carbon was performed using multilinear regression and regression-kriging. The output results were imported and mapped in a GIS environment.
Inference Models
Soil organic carbon stocks were calculated in mass per unit of volume, as follows:
where: C is the carbon content (g/kg), d is soil bulk density (g/cm 3 ) and p is depth (cm).
Seven models of multilinear analysis were tested. The models were differentiated by the number of predictor variables used, the use or not of the stepwise procedure and the number of observations (profiles) used in the adjustment of each model. The performance of the models was statistically estimated using both RMSE (estimate of the standard deviation of the residual error) and the AIC (Akaike's Information Criterion), which is an index that considers the number of parameters used in the model. This index represents a commitment between the adjustment and the parsimony of the model. The model that presents the smallest AIC is the best. The AIC was calculated in agreement with Akaike (1973) :
where log like is the logarithm of the prediction, and m it is the number of parameters used in the model.
For continuous variables, as in the case of soil carbon stock, AIC was calculated:
Where N is the total number of soil profiles that were used in the model.
The model with the smaller AIC value was used for the final prediction of the soil organic carbon stock. The residues of the model were kriged and added to the predicted values (regression-kriging).
Results and Discussion
Results from the Models
Developed PTFs, together with the predictor variables, are shown in Table 21 .1. Given the difference between carbon contents and soil texture of the soils in the lowland and the others soils (here denominated as mineral soils), it was necessary to build 2 PTFs. The PTFs were applied to estimate soil density and later on, to calculate soil organic carbon stocks.
The soil-landscape model scorpan was applied using the soil and landscape information. In Table 21 .2 the different models are given with their details. Model M1 encompasses the extracted relief variables in LandMapR. In model M2 the same relief derivatives were used, but in this model, a stepwise procedure was undertaken in order to find which variables have larger correlation with the soil organic carbon stocks. In the models M3 and M4 the relief variables and the Geocover mosaic were used (Landsat 7 ETM+ with the bands 7-4-2, NDVI), with the difference that in model M4 a stepwise procedure was applied. The stepwise in model M4 did not allow the entrance of NDVI in the model. The variable NDVI excluded two profiles out of the model (in these two profiles the reflectance in the bands 4 and 2 was 0). In model M5, in addition to the terrain variables and the Geocover, the lithology map was also used. Model M6 encompasses all the variables of model M5 and a polygon soil map at a scale of 1:250,000. In the model M7 the variables of the model M5 were used, in addition to the LULC map.
Assessment of the Models Accuracy
The result of the carbon stock prediction, the performance of the indices AIC and RMSE (estimate of the standard deviation of the residual error) and the number of parameters (variables) used in each tested model is shown in Table 21 .3.
Generally, all seven models presented a fair prediction of the carbon stocks considering that the differences among the indices of the seven models did not present a significant variation. The best result for modeling carbon stocks was model M6 because it had the smallest AIC and RMSE values (Table 21. 3). Figure 21 .2 shows the result produced by the best model (M6) for the stock of organic carbon (0-10 cm) of Rio de Janeiro State, including the estimates (predicted values), the residuals and the final result obtained by the sum of the kriged residues with the values predicted by multilinear regression (regression-kriging). The final map (Fig. 21.3) , obtained by modeling and digital mapping, allows the modeled property to be spatially viewed in a continuous way in the grid determined by the availability of data and objectives of the work, facilitating observation of the variation and distribution of the stock of carbon in the landscape (see Fig. 20 .5 for similar results). Values of organic carbon stocks range from less than 3 to 70 Mg per hectare for the topsoil (0-10 cm). The variations had a strong correlation with the soil type and its position in the landscape (see also Chapter 22). The correlation with the landscape was clearer when analyzed in relation to the geoenvironments defined for Rio de Janeiro (Lumbreras et al. 2003) (Fig. 21.3 ). This map shows that unit II (Costal Plains) presents a higher stock of organic carbon in the lowland environments, such as mangroves (surroundings of Guanabara Bay, Sepetiba Bay, Guaratiba, among 
Conclusions
In this application of predicting the soil organic carbon stock, digital soil mapping is demonstrated, using the soil formation factors as predictor variables for the construction of different models. The work was designed to test the methodology of carbon stock prediction in the soil at the depth 0-10 cm. Seven predictive models were tested. The best result for carbon stock was obtained with application of the model 6 that had the lowest indexes AIC and RMSE (Table 21. 3). This model used information from existing soil maps, satellite images, DEM and its derivates, and a lithology map. The spatial distribution of soil organic carbon has clear relationships with the different geo-environments in the study area, e.g., the highest stocks of organic carbon occur in the lowlands areas. Establishing a baseline for soil organic carbon stock is very important for the definition of public policies maintaining agricultural systems and environmental protection, and thus considers the potential of soil as a carbon sink.
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